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ABSTRACT
We combine photometric information of the WISE and 2MASS all-sky infrared
databases, and demonstrate how to produce clean and complete galaxy catalogs for
future analyses. Adding 2MASS colors to WISE photometry improves star-galaxy sep-
aration efficiency substantially at the expense of loosing a small fraction of the galaxies.
We find that 93% of the WISE objects within W1 < 15.2 mag have a 2MASS match,
and that a class of supervised machine learning algorithms, Support Vector Machines
(SVM), are efficient classifiers of objects in our multicolor data set. We constructed a
training set from the SDSS PhotoObj table with known star-galaxy separation, and
determined redshift distribution of our sample from the GAMA spectroscopic survey.
Varying the combination of photometric parameters input into our algorithm we show
that W1WISE−J2MASS is a simple and effective star-galaxy separator, capable of pro-
ducing results comparable to the multi-dimensional SVM classification. We present
a detailed description of our star-galaxy separation methods, and characterize the
robustness of our tools in terms of contamination, completeness, and accuracy. We
explore systematics of the full sky WISE-2MASS galaxy map, such as contamination
from Moon glow. We show that the homogeneity of the full sky galaxy map is improved
by an additional J2MASS < 16.5 mag flux limit. The all-sky galaxy catalog we present
in this paper covers 21, 200 square degrees with dusty regions masked out, and has an
estimated stellar contamination of 1.2% and completeness of 70.1% among 2.4 million
galaxies with zmed ≈ 0.14. WISE-2MASS galaxy maps with well controlled stellar con-
tamination will be useful for spatial statistical analyses, including cross correlations
with other cosmological random fields, such as the Cosmic Microwave Background.
The same techniques also yield a statistically controlled sample of stars as well.
Key words: catalogues – large-scale structure of Universe
1 INTRODUCTION
In recent years, sky surveys have been producing astronom-
ical data with a rapidly accelerating pace resulting in what
is commonly called the ”data avalanche”. The large quan-
tity of data necessitates automated algorithms for filtering,
photometric selection, and estimation observables such as
redshifts. Each object in a catalog has multiple properties,
thus algorithms have to explore high-dimensional configura-
tion spaces in large, often connected, databases. Such high
dimensional spaces can be effectively explored with machine
learning techniques, such as the support vector machines
(SVM) used in our work.
When analyzing an object catalog, the most fun-
damental, and often most challenging task is star-
galaxy (possibly QSO) separation. A simple separator
between stars and galaxies is a morphological measure-
ment, where extended sources are classified as galax-
ies (Vasconcellos et al. 2011). Morphology, however, looses
its power at fainter magnitudes, a problem for wide-
field surveys, e.g., Pan-STARRS (Kaiser et al. 2010), Eu-
clid (Amendola et al. 2013), BigBOSS (Schlegel et al. 2011),
DES (The Dark Energy Survey Collaboration 2005), and
LSST (LSST Science Collaboration et al. 2009). At the
fainter end, the most widely used tools for object clas-
sification are color-color diagrams: different types of ob-
jects will appear in different regions according to the
shape of their spectral energy distribution. Classification
methods based on infrared color-color selection were em-
ployed for star-galaxy separation (Pollo et al. 2010) or for
finding special classes of sources, such as high/low red-
shift QSO, AGN, starburst galaxies, or variable stars (e.g.,
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Richards et al. 2002; Chiu et al. 2005; Stern et al. 2012;
Brightman & Nandra 2012, and references therein).
Applications of SVMs are widely used for data min-
ing and analysis. SVMs are relatively easy to implement,
simple to run, and they are very many-sided, thus several
astronomical problems set out to use such methods to clas-
sify objects, or to perform regression analysis. Among oth-
ers, Woz´niak et al. (2004) analyzed variable sources with
an SVM in a 5 dimensional parameter space including pe-
riod, amplitude and three colors, Huertas-Company et al.
(2009) analyzed morphological properties of infrared galax-
ies using SVM with 12 parameters, while Solarz et al. (2012)
created a star-galaxy separation algorithm based on mid
and near-infrared colors. Recently, Ma lek et al. (2013) used
VIPERS and VVDS surveys to perform object classification
into 3 groups: stars, galaxies, and AGNs. A similar study by
Saglia et al. (2012) also used an SVM as 3-type-classifier.
Their method was developed for the Photometric Classi-
fication Server for the prototype of the Panoramic Survey
Telescope and Rapid Response System 1 (Kaiser et al. 2010,
Pan-STARRS1),.
While star-galaxy separation can be performed from
WISE colors alone (Goto et al. 2012; Kova´cs et al. 2013)
it is at the expense of severe cuts that still are sensi-
tive to contamination to from the Moon and necessitate
complex masks. As we show later, adding 2MASS obser-
vations removes artificial features from the WISE data.
With several open source implementations and computa-
tionally modest cost (Fadely et al. 2012), we set out to use
the SVM algorithm for separating stars and galaxies in
the matched WISE-2MASS photometric data. Our princi-
pal goal is to create a clean catalog of galaxies observed
by WISE and 2MASS suitable for large scale structure and
cross-correlation studies. At the same time, we will show
that our selection algorithms are suitable for producing clean
stellar samples as well. The galaxy maps we create are useful
for cross-correlation studies, such as Integrated Sachs-Wolfe
(ISW) measurements, and galaxy-Cosmic Microwave Back-
ground (CMB) lensing correlations, while the large data sets
of stars may constrain stellar streams and Galactic structure
in general.
The paper is organized as follows. Datasets and algo-
rithms are described in Section 2, while our results are pre-
sented in Section 3, with detailed discussion, comparisons,
and interpretation.
2 DATASETS AND METHODOLOGY
We combine measurements of two all-sky surveys in the in-
frared, Wide-Field Infrared Survey Explorer (Wright et al.
2010, WISE) and the Point Source Catalog of the 2-Micron
All-Sky Survey (Skrutskie et al. 2006, 2MASS-PSC). We use
photometric measurements of the WISE satellite, which sur-
veyed the sky at four different wavelengths: 3.4, 4.6, 12 and
22 µm (W1-W4 bands). Following Goto et al. (2012) and
Kova´cs et al. (2013) we select sources to a flux limit of W1
615.2 mag to have a fairly uniform dataset.
We then add 2MASS J, H and Ks magnitudes conve-
niently available in the WISE catalog, where 93% of the
WISE objects with W1 6 15.2 mag have 2MASS observa-
tions. We find, however, lower matching rates for a WISE-
2MASS sample at fainter W1 cuts.
Note that the WISE W1 magnitude limit we define is
lower than the 5σ detection limit for W1. However, this
selection cut makes comparisons to previous WISE cata-
logs easier, and helps to avoid large-scale inhomogeneities
(caused by moon glow effects) which potentially contami-
nate deeper WISE galaxy catalogs (Kova´cs et al. 2013).
We note that these choices allow us to produce a cat-
alog deeper than the 2MASS Extended Source Catalog
(Jarrett et al. 2000, 2MASS), as proper identification of
fainter 2MASS objects becomes possible.
To apply machine learning techniques, one needs to
identify a ”training set”, a set of objects with known clas-
sification. We choose a smaller region of Stripe 82 in the
Sloan Digital Sky Survey Data Release 7 (Abazajian et al.
2009, SDSS-DR7), deeper than our catalog and located at
327.5 < RA < 338.5 and −1.25 < Dec < 1.25. We per-
formed the cross-matching with the KD-Tree (Bentley 1975)
algorithm as implemented in the python package scipy.
We found an SDSS match for 99.4% for the 46,749 WISE-
2MASS objects using a 1” matching radius. We have found
multiple counterparts for 0.03% among 46,463 objects, and
chose the nearest neighbor as a real counterpart. We esti-
mated the accidental matching rate by generating random
positions of WISE-2MASS source density, finding 0.1%. This
suggests no meaningful effect on the training sample. As a
further refinement, we applied a W1 > 12.0 magnitude cut
to avoid potentially problematic SDSS classification, and to
mark out the galaxy locus in color-magnitude space. See
Fig. 5 for ratification.
As an exploratory test, we downloaded 2MASS XSC
data (Jarrett et al. 2000) from the same coverage, finding
1,195 galaxies. A deeper WISE-2MASS catalog without ex-
tra flux cut in J band contains 5,922 objects classified as a
galaxy in SDSS PhotoObj table. We will show that the frac-
tion of the properly identified galaxies reaches ∼ 78.6% with
∼ 1.8% star contamination (see Table 1), even with our sim-
plest algorithms. We thus are able to broaden 2MASS XSC
significantly.
The redshift distribution of the matched WISE-2MASS-
SDSS objects classified as galaxies is provided by matching
with the Galaxy and Mass Assembly (Driver et al. 2011,
GAMA) spectroscopic dataset, at the full GAMA coverage
of 144 deg2. We preformed a nearest neighbor search us-
ing 1” as a matching radius, and found a pair for 97% of the
WISE-2MASS-SDSS galaxies in GAMA Data Release 2. We
have found multiple counterparts for 0.15% among 8,493 ob-
jects, and chose the nearest neighbor as a real counterpart.
The un-matched 3% might consist of predominantly mas-
sive early-type galaxies at z > 1 (Yan et al. 2013). Another
possibility is that the remaining 3% is populated by objects
with bad SDSS classification, that actually indicates the pu-
rity of our training sample.
Next we will use the resulting multicolor catalog for
object classification. Note that the training set we use is a
realistic sample of the multicolor WISE-2MASS data base,
since we applied the same flux cuts for all subsamples in the
analysis.
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Figure 1. Measures of SVM performance are presented in the case of pairwise and single usage. Color-coded maps illustrate contam-
ination, completeness, and accuracy for every combinations. All subfigures suggest that W1-J is a dominant potency in star-galaxy
separation. We note, however, that SVM failed to produce precise results using W1 alone. Every object was classified as a star with that
choice, thus we excluded the W1-only case from the analysis. Combinations of W1 and other parameters, however, are preserved, as they
produce valuable results.
2.1 Support Vector Machines
SVM designates a subclass of supervised learning algorithms
for classification in a multidimensional parameter space.
These methods include extensions to nonlinear models of the
generic (linear) algorithm developed by Cortes & Vapnik
(1995). SVMs carry out object classification and/or regres-
sion by calculating decision hyperplanes between sets of
points having different class memberships. A central con-
cept of SVM learning is the training set, a special set of
objects that supplies the machine with classified examples.
Based on its properties, the classifier is tuned, and the hy-
perspace between different classes is determined. A training
set of a few thousands of objects is usually suitable for sim-
pler classification problems (see e.g. Solarz et al. (2012)).
The algorithm includes a non-linear kernel function,
which is used to find a hyperplane with maximum distance
from the boundary to the closest points belonging to the
separate classes of objects (Cortes & Vapnik 1995). The ker-
nel is a symmetric function that maps data from the input
space X to the feature space F. For our analysis we chose
a Gaussian radial basis kernel (RBK) function, defined as
k(xi, xj) = e
−γ||xi−xj||2,where ||xi − xj || is the Euclidean
distance between xi, and xj . The product of the kernel func-
tion is a non-linear representation of each parameter from
the input to the feature space. The RBK kernel is often
used as SVM kernel function to make the non-linear feature
map. We decided to use it because of its effectiveness and
simplicity.
SVM offers a whole set of parametrization choices. We
chose ’C-classification’ because of its good performance and
only two free parameters. C is the cost function, i.e. a trade-
off parameter that sets the width of the margin separating
classes of objects. A small margin of separation can be set
with larger C, but high C values often lead to over-fitting.
Reduced C values, however, smooth the hyperplane, which
can be a source of mis-classifications (Ma lek et al. 2013).
The second parameter, γ, determines the topology of the
decision surface. A low value of γ sets a rigid, and struc-
tured decision boundary, while high γ values indicate a very
smooth decision surface with many mis-classifications.
3 DISCUSSION
3.1 SVM outputs
We used a free software environment for SVM in python
package scikit-learn. First we performed tests to tune
both the C and γ parameters, and found the lowest clas-
sification errors with C=10.0, and γ = 0.1. Then we pro-
ceeded to determine the optimal number of parameters for
the optimal classification efficiency experimentally. We used
8,000 objects as a ”training set”, and 2,000 objects for con-
trol, i.e. testing the efficiency of our algorithms. The train-
ing sample contains 13% galaxy data, in order to preserve
the star-galaxy ratio that we have originally found in our
SDSS cross-matching. We evoke the terminology of machine
learning, and use ”True” (T ) and ”False” (F ) labels to dis-
tinguish between objects that are classified correctly, and
the ones have false identification.
We also define five measures of SVM performance:
• Star Contamination = FS
TS+FS
• Galaxy Contamination = FG
TG+FG
• Star Completeness = TS
TS+FG
• Galaxy Completeness = TG
TG+FS
• Accuracy = TG+TS
TG+FG+TS+FS
We used the following set of colors/magnitudes as input
parameters:W 1,W 1−W 2,W 2−W 3,W 3−W 4, J−H,H−
Ks,W 1 − J,W 2 − H, and W 3 −Ks. Initially, we supplied
SVMwith all possible pairs of this set, and obtained contam-
ination, completeness, and accuracy. The parameter W 1−J
is an astoundingly good star-galaxy separator, as shown in
Figure 1. Either alone or combined with any other param-
eter, W 1 − J guarantees the lowest stellar contamination,
the highest galaxy completeness, and the highest accuracy.
For instance, the stellar contamination for the combination
ofW 1 andW 1−J, or H−Ks andW 1−J is as low as 3.1%,
while the galaxy completeness is 93.6% (see Table 1).
Next we supplied the SVM with more parameters. We
started with W 1−W 2 alone, then added one more param-
eter in each step. Our findings are summarized in Figure 2.
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Figure 2. Measures of SVM performance are shown as a function
of SVM parameters. We observed upgrading trends in contami-
nation, completeness, and accuracy for both stars and galaxies.
High completeness values for the star sample can be explained by
the fact that the sample is dominated by stars, thus False galaxies
cannot affect star completeness significantly.
We qualitatively confirmed our former results, namely that
the combination of WISE and 2MASS parameters increases
the SVM performance. For WISE colors only, galaxy com-
pleteness is at the level of ≈ 40%, while with all parameters
it reaches ≈ 93%. At the same time, stellar contamination
decreased from ≈ 15% to ≈ 3%. Finally, similar trends are
seen for the accuracy parameter, that incremented by ≈ 10%
by adding 2MASS parameters.
As a test of possible impurities in the training sample,
we randomly flipped the classification of 1%, 3%, 5%, and
10% of the training objects, and repeated our SVM analysis
with the artificially contaminated training sets. We analyzed
the case of the combination of W 1 − J and W 1, finding
3.7%, 4.8%, 7.7%, and 11.2% for the star contamination,
respectively, while the original value with the unchanged
training set was 3.1%.
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Figure 3. Star contamination (blue curve, values on the left axis)
and the fraction of the lost galaxies (green curve, values on the
right axis) is shown. We applied a W1-J 6 -1.7 cut, and now show
the consequences for the parameters of the resulting catalogs.
3.2 SVM vs. color-color and color-magnitude cuts
Findings of the previous subsection suggest that separation
of stars and galaxies can be achieved a simple cut on the
W1–W1-J color-magnitude plane. Stellar contamination and
galaxy completeness are then comparable to that of the mul-
ticolor SVM algorithm, but with a faster method. Figure 3
shows the estimated stellar contamination and the ratio of
properly identified and lost galaxies in the case of different
W 1−J cuts. We choose W 1−J 6 -1.7 for our purposes, as
it guarantees the lowest stellar contamination, while 78.6%
of the galaxies can be classified as galaxies.
Visualizing this parameter choice, we show a W1–W1-
J, and WISE color-color diagrams for WISE-2MASS objects
from subsample of 20,000 objects (with 13% galaxy con-
tent) in Figure 4. Classes are indicated by SDSS in this
comparison. We note that a remarkable separation of stars
and galaxies can be seen in the upper left of Figure 4.
However, the patterns we found in Figure 5 enforce a
W 1 > 12.0 magnitude cut, as a larger subsample of SDSS
”galaxies” imbedded in the definite stellar locus of this plot.
This fact suggests that these objects might have been mis-
classified by SDSS, and their usage is unsafe in a training set.
We investigated the actual SDSS image of these ”galaxy”
objects, and found that they are indeed really bright stars
with bad classification. We emphasize, that neither our SVM
methods nor the W1–W1-J based simple galaxy selection are
not affected, since we removed these brightest objects from
our sample.
3.3 Further comparisons
Next we compare our galaxy sample to that of Goto et al.
(2012), and Kova´cs et al. (2013). While these works used all
four observations of WISE, we only need W1, i.e. the one
with the best quality observations. The stellar contamina-
tion we estimate for Goto et al. (2012), and Kova´cs et al.
(2013) using the SDSS classification is 7%, while only 1.8%
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Figure 4. Top left: A simple star-galaxy separator which uses only W1, and W1-J color. The separation of stars and galaxies is remarkably
strong in this parameter space. Other subfigures show color-color plots of the four WISE bands. We show the special galaxy separator
cuts applied by Goto et. al (2012). This result illustrates that star-galaxy separation on traditional color-color planes with linear cuts is
challenging, if one wants to use a large fraction of the achievable galaxy sample.
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Figure 5. The bright ”galaxies” of W1 > 12.0 mag with poten-
tially bad SDSS classification are located in the stellar locus. We
excluded all britht objects from the analysis, since their presence
can alter the training efficiency. See text for details.
for our present sample applying the W 1 − J 6 -1.7 cut.
At the same time, while previous WISE-only methods pro-
duced 21% galaxy completeness, presently we achieved a
78.6% with the new galaxy selection criteria. SVM results
reach ≈ 93% completeness for galaxies, with similar stellar
contamination as the W 1− J cut. Figure 7 summarizes our
findings.
We note that the stellar contamination may be higher
where the number density of stars is above the average, e.g.
close to the Galactic plane, or at the Small and Large Magel-
lanic Clouds. Among others, these regions should be masked
out in order to avoid mis-classification problems.
There are other object separation algorithms in the lit-
erature, but either they are optimized for QSO-AGN se-
lection (Yan et al. 2013), or limited to bright magnitude
cuts (Jarrett et al. 2011). We argue, therefore, that a direct
and detailed comparison is only possible with the results of
Goto et al. (2012), and Kova´cs et al. (2013).
3.4 All-sky galaxy catalog
W 1 − J cut appears to be a powerful tool for separating
stars and galaxies, providing a fast and simple option to
create a full-sky WISE-2MASS galaxy map. The simple cut
can be realized by a query into the WISE-2MASS database.
As W1-J 6 -1.7 gives the lowest contamination according to
our tests, we selected galaxies with the following query:
w1mpro between 12.0 and 15.2 and
n_2mass > 0 and
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Figure 6. Gnomonic projection of galaxy number counts in
HEALPIX pixels at Nside = 128 is shown for the sample of
(Kova´cs et al. 2013) (Top) and present approach (Bottom). Fig-
ures are centered on ℓ, b = 48.0,−48.0.
w1mpro - j_m_2mass < -1.7 and
glat not between -10 and 10
where ”w1mpro” is the W 1 brightness, ”n 2mass” is the
number of the associated 2MASS sources, ”j m 2mass” cor-
responds to the brightness in the J band, and ”glat” is the
Galactic latitude coordinate.
We downloaded ∼ 5 million WISE-2MASS objects from
the IRSA website1. The dataset containedW 1,W 2,W 3 and
W 4 for WISE, and J,H and Ks for 2MASS as photomet-
ric parameters, and we also downloaded ’cc flag’ values to
uphold the possibility of further restrictions.
Next, we test for possible biases and systematic prob-
lems that may affect our selections. We have demonstrated
1 http://irsa.ipac.caltech.edu/
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Figure 7. Distributions of galaxies on color-color plane is shown
for (Goto et al. 2012) cuts and galaxies selected in present work.
Significant amount of galaxies is identified properly with the W1-
J 6 -1.7 galaxy cut. We used 1, 785 galaxies for making this figure,
i.e. all galaxies that we identified properly using our simple CC
tool (see Figure 4 and Table 1 for details). This represents a 78.6%
galaxy completeness.
that our SVM algorithms and W 1 − J color cuts are ca-
pable of separating stars and galaxies, but the accuracy of
the galaxy selection does not guarantee for instance spa-
tial homogeneity. We have shown in Kova´cs et al. (2013),
that observational strategies of surveys may be harmful for
the galaxy samples we wish to create, and inhomogeneities
might show up as consequences of varying sensitivity or
other observational effects. First we investigate the stripe-
shaped over-densities at several locations across the sky we
found in Kova´cs et al. (2013). These artifacts caused by
moon-glow are significantly reduced in the new catalog, as
WISE-2MASS infrared galaxies 7
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Figure 8. Slices of 2MASS J magnitude as probes of spatial
homogeneity. We use HEALPix at Nside=128 for making these
plots.
shown on the upper panel of Figure 6. As it was pointed
out by Kova´cs et al. (2013), stripes are associated with the
scanning strategy of theWISE survey. Different WISE bands
have different sensitivities and sky coverage, therefore affect
the uniformity of a full sky sample through moon-glow con-
tamination. Kova´cs et al. (2013) handles this issue with spe-
cial moon-contamination mask using the ’moonlev’ flag of
the WISE database. The stripes are not present in aW 1−J
6 -1.7 selected dataset.
The next probe is the test of homogeneity across the
sky, in particular the possible gradient in the density field as
a function of Galactic latitude, as reported in Kova´cs et al.
(2013). We assume that the limit of W 1 < 15.2 for WISE
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Figure 9. Star contamination and galaxy completeness differ-
ences for SVM and CC methods as function of W1 magnitude
limit (we use the case of an extra J < 16.5 mag cut for W1=15.2).
SVM methods result in higher contamination, but increased com-
pleteness in all cases.
is conservative enough, although we do not apply any lim-
itations to 2MASS data. Naturally, there is a correlation
between the magnitudes of objects observed in WISE and
2MASS, but the cut of W 1− J < −1.7 does not automati-
cally guarantee high signal-to-noise ratio for 2MASS as well.
Therefore we divide our sample into three slices of 2MASS
J brightness. We use J < 15.8 as a first limit that is the
corresponding 10σ photometric detection limit for 2MASS
PSC objects. This would result a dramatic loss of objects, as
only ∼ 800, 000 galaxies remain in the sample. As our goal is
to broaden the relatively shallow 2MASS XSC galaxy sam-
ple, we empirically obtain a higher magnitude limit for J
with experiments. We experimentally found that a J < 16.5
cut effectively removes a significant amount of inhomoge-
neous data from our catalog. The J > 16.5 map, however,
is strongly affected by spatial variations of the sensitivity of
the 2MASS PSC data, as shown in Figure 8. We thus remove
these objects from the analysis.
We test the SVM performance and color cuts applying
different flux limits for W 1 and J . In SVM analysis, we test
for the case of the W 1 and W 1− J parameter pair in order
to use the same information as used in the case of color cuts.
Our findings are summarized in Table 1, and in Figure 9.
We note that we observe many apparent over densi-
ties near the Galactic plane, and Large and Small Mag-
ellanic Clouds are visible in the lower panel of Figure 8.
This finding reflects the fact that our star-galaxy separation
tools fail more frequently at regions of high stellar density,
as estimated and expected. We argue, however, that both
the J < 15.8 map, the 15.8 < J < 16.5 map, and their
union effectively trace large scale structure, and do not con-
tain significant large scale inhomogeneities. The resulting
galaxy map does not suffer from strange stripe-shaped over-
densities, and confirms our finding presented in Figure 6.
We note that this additional brightness cut shifts the me-
dian redshift of the sample from z ≈ 0.17 to z ≈ 0.14.
We further probe the uniformity our catalog by per-
forming tests on possible gradients in galaxy number counts
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Figure 10. Galaxy number count measurements in rings as a function of Galactic latitude b for the J < 16.5 galaxy map. Horizontal
dashes indicate the average number of galaxies per pixel in the full map, outside the mask we constructed. Light blue shaded regions
indicate Poisson errors for the measurement. We attribute the largest fluctuations to the presence of the largest superstructures in the
local Universe. Note that these fluctuations are at the ∼ 2σ level, except the one at b ≈ 60◦. Possibly these fluctuations can be lowered
using a more sophisticated mask which effectively removes further potentially contaminated regions.
Table 1. Star contamination and galaxy completeness as a func-
tion of flux limits and analysis methods (CC=”W1 − J < −1.7
color cut”). We apply a W1 > 12.0 lower flux cut in every cases.
See text for details. The last column shows the expected galaxy
number counts assuming a mask which leaves 21,200 deg2 un-
masked.
Method W1 J FS
TS+FS
TG
TG+FS
Ngal
SVM < 14.5 - 3.4% 92.1% 1.2 · 106
CC < 14.5 - 1.6% 84.4% 1.1 · 106
SVM < 15.0 - 2.6% 93.4% 2.3 · 106
CC < 15.0 - 1.4% 82.7% 2.1 · 106
SVM < 15.2 - 3.1% 93.6% 6 · 106
CC < 15.2 - 1.8% 78.6% 5 · 106
SVM < 15.2 < 16.5 2.8% 85.9% 3 · 106
CC < 15.2 < 16.5 1.2% 70.1% 2.4 · 106
as a function of Galactic latitude, finding no such effect in
the WISE-2MASS map. Figure 10 illustrates our findings.
Finally, we construct a mask to exclude potentially
contaminated regions near the Galactic plane using the
dust emission map of Schlegel et al. (1998). We mask out
all pixels with E(B − V ) > 0.1, and regions at galac-
tic latitudes |b| < 10◦, leaving 21,200 deg2 for our pur-
poses. Unmasked regions in the galaxy map are corrected
for Galactic extinction using the same dust map provided
by Schlegel et al. (1998). We use AWISE/E(B − V ) = 0.18
and A2MASS/E(B − V ) = 0.72 coefficients estimated by
Yuan et al. (2013). The final all sky galaxy map is shown
in Figure 11.
We note that the star-galaxy separation methods we de-
veloped are useful for selecting stellar samples as well. For
instance, aW 1−J > -1.3 color cut should result a clean sam-
ple of stars. However, a detailed selection of specific types
of stars needs further refinements.
CONCLUSIONS
We focused on creating large area galaxy maps of low stellar
contamination and high galaxy completeness based on the
joint analysis of WISE and 2MASS photometric datasets.
Using 2MASS colors add useful information, while ∼ 93% of
the WISE objects with W 1 < 15.2 mag have 2MASS pairs.
We performed star-galaxy separation using a class of wide-
spread machine learning tools, Support Vector Machines.
WISE-2MASS objects were cross-identified with SDSS ob-
jects, and available SDSS PhotoObj classification data were
used as training and control sets. Exhaustive testing of the
SVM algorithm with different parameters and inputs re-
vealed that a simple W1-J photometric color cut produces
similarly clean data set as the SVM classification, at the
expense of loosing < 15% of the galaxies (Table 1).
We produced a clean galaxy sample with 1.8% stellar
contamination reaching 78.6% completeness using our ba-
sic W1615.2 and W1-J6-1.7 cuts. The SVM techniques for
the same data yield 3.1% stellar contamination, and 93.4%
galaxy completeness. We found at all magnitude limits that
SVM algorithms result in slightly higher stellar contamina-
tion (an extra ∼ 1.5 %), but with notable gain in the total
number of galaxies identified properly (∼ 10 %).
Contamination and completeness are, however, not the
only relevant properties of a high-quality galaxy catalog. We
probed the isotropy and homogeneity of the resulting galaxy
maps, and empirically found that the faintest 2MASS ob-
jects at J > 16.5 mag show inhomogeneities in their density
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Figure 11. Our example WISE-2MASS galaxy number count
map applying the extra J < 16.5 mag cut, and the corresponding
mask that we constructed. We use HEALPix at Nside=128.
on the sky, presumably due to the survey strategy. We thus
supplemented our standard flux and color selection criteria
by a J < 16.5 mag cut in order to produce a more uniform
catalog. The resulting catalog contains Ngal ≈ 2.4 million
objects, with an estimated star contamination of 1.2%, and
70.1% galaxy completeness. SVM estimates show 2.8% con-
tamination, and 85.9% completeness for this shallower data.
These examples demonstrate that the computationally ex-
pensive SVM approach creates a more complete catalog with
higher stellar contamination.
Regardless the methods applied, the resulting galaxy
catalogs represent significant improvement over previous
samples using WISE colors only for selection (Kova´cs et al.
2013). We not only trace a much larger region in the WISE
color-color space than previous catalogs, but also restrict the
galaxy selection for only the least noisy W1 band for WISE.
The need for high completeness while minimizing con-
tamination is clear, although we argue that there is no opti-
mal galaxy map in general, since specific science drivers will
require different balance between these two effects and thus
the cuts that control them. Nevertheless, when clean cata-
log is needed with a simple definition (Kova´cs et al. 2013;
Szapudi et al. 2014; Finelli et al. 2014), we recommend W1-
J6-1.7 color cut as a compromise between simplicity, com-
pleteness, and the lowest possible stellar contamination.
Other applications, e.g., galaxy cluster counting, gravita-
tional wave source follow-up, etc. might benefit even from
denser galaxy maps with higher contamination, and/or non-
uniform coverage.
In the near future, we will add photometric redshifts to
our catalog matching with SuperCOSMOS (Hambly et al.
2001), extending Bilicki et al. (2014). While we plan to
make this value added WISE-2MASS-SuperCOSMOS cat-
alog public, at present the WISE-2MASS catalogs can be
easily downloaded from the IRSA web-site2 using the queries
quoted earlier in this paper.
2 http://irsa.ipac.caltech.edu/
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